The problem motivating the paper is the quantification of students preferences regarding teaching/coursework quality, under certain numerical restrictions, in order to build a model for identifying, assessing and monitoring the major components of the overall academic quality. After reviewing the strengths and limitations of conjoint analysis and of the random coefficient regression model used in similar problems in the past, we propose a Bayesian beta regression model with a Dirichlet prior on the model coefficients. This approach not only allows for the incorporation of informative prior when it is available but also provides user friendly interfaces and direct probability interpretations for all quantities. Furthermore, it is a natural way to implement the usual constraints for the model weights/coefficients. This model was applied to data collected in 2009 and 2013 from undergraduate students in Panteion University, Athens, Greece and besides the construction of an instrument for the assessment and monitoring of teaching quality, it gave some input for a preliminary discussion on the association of the differences in students preferences between the two time periods with the current Greek economic and financial crisis.
Introduction
The institutions of higher education worldwide are generally independent organizations. In Greece they are self-administered. In all cases external assessment and self-assessment are critical processes for maintaining, securing and improving the quality of the services offered. The evaluation is usually based upon four large groups of criteria, which comprise the major pillars of academic quality. They refer to teaching, research, academic program and supportive organizational facilities and services.
The core issue of the academic evaluation process is the assessment of the quality of an individual course/instructor by the students attending this course. By filling in a relevant and well prepared questionnaire, students evaluate, in a measurement scale, certain quality attributes, concerning the course (content, text book, grading system) and the instructor (teaching, knowledge, behaviour) that are widely considered as being of major importance. Several instruments for evaluating teaching performance have been developed and used internationally, just mentioning Feldman's categories (Feldman, 1976 ) and SEEQ's (Students Evaluation of Educational Quality) factors (Marsh, 1982) .
The aggregation of the results in order to reach some reliable conclusions referring to the objectives of the evaluation, inevitably involves the assignment of weights to the attributes/variables at a certain point of the statistical analysis. This is usually done by subject matter experts, that subjectively (most of the times uniformly) assign weights to those variables. For an extensive review of different weighting schemes in student ratings see Harrison, Douglas and Burdsal (2004) and Marsh (2007) . It is worth mentioning here that, by assigning weights uniformly, the analysis follows the weighting scheme of the questionnaire design, also made by (other) experts. This commonly used practice rises a major criticism since the participants (population representatives) do not have the opportunity to contribute to the weighting assignment. To fully understand the consequences of this methodological weakness, one may consider that:
a) The weighting process is critical for the results of the statistical analysis and therefore for the outcome of the whole project and its policy implications. It should not be left therefore entirely to those conducting the evaluation, since in this case it is not guaranteed that the outcomes of the evaluation are objective and not manipulated by those carrying out the assessment. By changing the relative weights one can increase or reduce the significance of certain attributes affecting critically the outcomes of the evaluation process. In that case the evaluation process itself becomes unreliable and can be very easily rejected.
b) Students, the statistical survey units, comprise the population to which the assessment is basically addressed, and moreover the social group that will be mostly affected by the results of this assessment, being at the receiving end of the academic services offered. This final end of the assessment, that is the welfare improvement of this group, can not be ignored at any stage of the evaluation.
If these methodological weaknesses prevail in our analysis, there is no guarantee that the evaluation really contributes to the improvement of the efficiency of the academic units relative to the expectations or demands of the social groups to which it is addressed. This issue arises, since the analysis is possible to give emphasis to the advancement of targets (characteristics) that the affected social groups do not consider as being of major importance and on the contrary not to give emphasis (practically to ignore) to the advancement of targets (characteristics) that the affected social groups consider as being of critical importance.
More generally, if we accept that the individual is the best judge of his/her own welfare and not someone else, and to the extent that the notion of methodological individualism is also accepted and consequently the social welfare is the outcome of the integration of the individual welfare functions (as functions of the individual characteristics) and nothing else, the evaluation methodology that ignores the issues we have raised above is not compatible with the conditions of the best social choice rule. We must note that according to methodological individualism the social groups of any form are nothing more than sums of individuals and as a result the characteristics of these social groups can only be analysed on the basis of the individual characteristics. For an analysis of the issue, see mainly Arrow (1994) , Hayek (1948) , Hodgson (1998) , Hodgson (2007) and Watkins (1952) .
Understanding therefore how university students perceive and evaluate the various components of the coursework and teaching offered by their lecturers and as a result by their institution is critical for instructors and decision makers. The above reasoning can serve as a baseline for the continuous endeavour to improve, design and redesign a competitive academic program.
An appropriate approach to elicit population preferences is conjoint analysis (CA) that has been used for more than 40 years to model and measure consumer's perception of product or service quality. It appeared as conjoint measurement in psychology (Luce and Tukey, 1964) and it was successfully transferred to marketing applications in early seventies by Green and Rao (1971) and Johnson (1974) . The basic concept behind CA is that in a well-designed experiment, respondents, that actually constitute a random sample of the possible customer population, are asked to evaluate products or services as combinations of their main attributes/characteristics. These individual pieces of information are combined through the statistical analysis and result in a quantitative estimation of customer preferences usually as a vector of attribute weights. According to Hauser and Rao (2004) , "the essence of CA is to identify and measure a mapping from more detailed descriptions of a product or service onto an overall measure of the customer's evaluation of that product". This mapping, realized upon various experimental designs, using different multivariate statistical techniques, is the primary objective of almost all theoretical and applied work in CA (Carson, Louviere, Anderson, Arabie, Bunch, Hensher, Johnson, Kuhfeld, Steinberg, Swait, Timmermans a (1994) ; Green and Srinivasan (1990); Orme (2010) ).
From the early days of CA, various types of stochastic models such as ordinary least squares regression models, as well as logit, probit, multinomial probit and nested logit or probit models used with linear, quadratic or log response function (McFadden, 1974) were applied to conjoint data. In the nineties, Hierarchical Bayes (HB) models, became very popular in CA since they improve the reliability and predictive validity of CA and provide robust estimates (Orme, 2010) . In principal, HB is a two level approach with the consideration of a prior multivariate distribution for individual parameters (part worths) at the higher level and a generalised linear model delivering the probabilities of possible outcomes (preferences) given the above mention priors, at the lower level. HB borrows information from other respondents to stabilize maximum likelihood parameter estimation for each individual, using iterative procedures. HB approach provides stable and accurate models that can recover heterogeneity by separating it from noise even when observations are less than estimated parameters (Lenk, Wayne, Green and Young, 1996) .
When personal computers became powerful and fast in data processing several optimisation methods were developed and used in CA. The main families of these optimisation methods are Polyhedron Center Estimation (Toubia, Simester, Hauser and Dahan (2003) ; Toubia, Hauser and Simester (2004) ), Support Vector Machines (Evgeniou, Boussios and Zacharia, 2005) and finally Genetic Algorithms (Holland, 1975) , where attributes considered as genes, so the next generation of products or services will be identified, evaluated and finally introduced.
While main characteristics of product quality, such as durability and number of defeats are objectively measured (Garvin, 1983) , main common features in service quality such as intangibility, heterogeneity and inseparability of production and consumptions cannot (Parasuraman, Zeithaml and Berry, 1985) . Service quality is often defined as the discrepancy between consumers' perception of services offered by a certain organization and their expectations about the organization offering those services (Parasuraman, Zeithaml and Berry, 1988) . Conceptualizing service quality, researchers define pairs of distinct terms like perceived vs. objective quality, satisfaction vs. quality and perceptions vs. expectations. Holbrook and Corfman (1985) came to the conclusion that customers do not perceive quality the same way researchers do. In extensive focus group interviews (Parasuraman et al., 1985) came up with several instances, where customers were satisfied with a certain service but the corresponding institution or firm quality was not highly ranked. There have been numerous applications of CA in various service industries such as accommodation and haircut services (Ostrom and Iacobucci, 1995) , transportation (Hensher, 2001) , telecommunica-tion (Kim (2004) ; Kim, Choe, Choi and Park (2008) ), health (Kuzmanovic, Vujosevic and Martic (2012) ; Ryan and Farrar (2000) ) and banking (Mahdi, Hadi and Dabestani, 2013) .
Focusing on education, Zufryden (1983) launched a conjoint experiment in order to optimize the design of a new course in quantitative marketing addressed to MBA students at the University of South California. In another conjoint experiment in the University of South Dakota, Pietrzak, Carnes, Cady, Flum, Feiock, Lancaster, McMeekin-Hemmingstad, Paul, Peters, Reljic, Stokes, Sunde (2005) applied a 24 full factorial design to both graduate and undergraduate students reporting differences in preference between the two groups. Furthermore, differences in students' preference regarding teaching attributes were found between those who were more and those who were less satisfied with the academic program. Zampetakis, Manios and Moustakis (2006) propose a four attribute CA in a 4 × 3 × 2 × 2 design reduced to 1/3 using SPSS-CA procedure in order to design courses in environmental entrepreneurship education programs. In Won and Bravo (2009) six course attributes in sport management undergraduate students were evaluated using classical CA and OLS, followed by sensitivity analysis.
Recently, there is an increasing volume of studies using CA for quality assessment in education (Kuzmanovic, Savic, Popovic and Martic, 2012) to evaluate university teaching considering heterogeneity of students' preferences. Kim, Son and Sohn (2009) used CA to determine the most influential attributes of English Medium Instruction (EMI) classes. Furthermore, Akhlaghi, Amini and Akhlaghi (2012) and Lupo (2013) used SERVQUAL methodology (Parasuraman et al., 1988) and CA to assess quality in educational institutions in Iran and Italy, respectively. A serious limitation in all conjoint applications to teaching/course evaluation is the large number of attributes that comprise the academic services that cannot be drastically reduced. Most researchers test only some attributes that do not add up to complete teaching scenarios and/or use fractional factorial designs with limitations in estimation capabilities.
An alternative approach was introduced by Peña and Yohai (2006) aiming at the construction of a model for building a linear quality index for service evaluation. According to this methodology each statistical unit was asked to evaluate both the quality attributes/characteristics and the overall (global) service quality. Then a Dirichlet random coefficient regression model was used, in order to obtain the weights of the attributes and finally to construct the quality index. This model includes a) the restriction that the weights must be positive and add up to one and b) a latent variable that incorporates all quality attributes not considered in the survey. The design and the model of this paper were used to measure the quality of the rail road system in Spain.
Using a similar experimental design, we have asked university students to evaluate both the quality of certain academic attributes concerning courses teaching and content and the overall courses quality. By gathering this type of data, we aim to cream off the variables' weights from the students' mind, since every survey participant evaluates some attributes as more important than others by giving them scores similar to one given to the overall quality. Then, we fit a Bayesian beta regression model with a uniform Dirichlet prior on weights in order to derive the posterior distribution of attribute weights, subject to the usual constraints, and construct a global quality index for teaching based on students' preferences. This model can be used as an instrument for the evaluation of individual course/instructor quality incorporating student data gathered through the regular process for academic evaluation of each course in the program. The outcome of the analysis can be also interpreted and used as a general assessment of the global and the partial quality of academic program/teaching in the specific academic unit at a certain period of time. Since the study was repeated at two different time periods (2009 and 2013) , changes can be tracked, analysed and associated with changes in the academic and/or general socio economic environment. Taking into consideration the major changes in the socio economic environment in Greece due to the present financial and economic crisis, we will discuss possible associations with the results of our study.
Survey Design and Metadata
The survey was addressed to undergraduate students with at least two years of academic experience, majoring Public Administration at Panteion University of Social and Political Science, in Athens, Greece. Therefore the population under study comprise of university students having attended more than twenty courses, subjecting various academic disciplines, taught by different instructors.
Initially, a random sample of 96 students participated in the survey was drawn in May 2009, while a second sample of 95 students, responding to the same questionnaire, was obtained four years later, in May 2013. Besides the survey instrument, the experimental conditions as well as the oral and written guidelines were also identical for both survey instances. It should be pointed out that since 2008, in a time frame within both survey instances occurred, no substantial changes have been made either in the academic program or in the teaching stuff of the department. Considering the survey quality, unit non response rate was below 10% and item non response was negligible in both instances.
Students were asked to evaluate certain quality attributes regarding all courses taken so far in their academic program. More specifically, they were asked to fill in the percentage of courses/ instructors having positive quality characteristics, based on their academic view and experience (i.e. in what percentage of your courses, taken so far, the instructor has developed good communication channels with the students, encouraging questions and dialogue?). The scale of measurement was ordinal with 11 levels corresponding to sequential, 10% width percentage intervals, from 0 to 100.
The quality of the (course/instructor) academic module was measured by a set of twenty attributes structured in a three level hierarchical model. At level I, we identify two large groups of quality attributes, one referring to the courses and another to instructors. Within these groups, at level II, general attributes, such as content of the course, text book and grading procedure for the first group, as well as, teaching, knowledge and behaviour of the instructor for the second group, are included as main research questions (Biemer and Lyberg, 2003) . Finally, at level III, research questions break down to individual quality attributes, translated into twenty single item questions in the survey instrument. The questionnaire was completed with a last question asking for an overall quality evaluation of the general course/teaching module, in a comparable measurement scale.
The structure, content and wording of the questionnaire were based on prototypes and guidelines from European Association for Quality Assurance in Higher Education (2009) and Hellenic Quality Assura (2007), Feldman's categories (Feldman, 1976 ) and SEEQ's factors (Marsh, 1982) . The twenty individual quality components are presented, in the same order as the corresponding questions appeared in the questionnaire, in Table 1. A pre-testing version of the questionnaire was released, answered and evaluated by a group of 6 volunteers, coming from the population under study, resulted in several changes in wording and ordering of the questions in the final questionnaire. 
Bayesian Hierarchical Model
Suppose that a random sample of n j students has been surveyed, with j = 1, 2 denoting the two different time periods. Let n = n 1 +n 2 be the total sample size and y ij denoting the observed value of the response variable (overall teaching/coursework evaluation score) given by the i th individual on time j (i = 1, . . . , n j ). Furthermore let x ij = (x ij,1 , . . . , x ij,k )
T denoting the observed value for the vector of the k known attributes. Additionally, let z ij denoting the unobserved random variable (latent variable) corresponding to the evaluation of the unspecified factors for student i at time j. Without loss of generality we assume that the data has been scaled and therefore all the above mentioned variables are scores that take values in [0, 1] .
We assume that the response variable follows a beta distribution with mean that is modelled as a weighted linear combination of the observed and unobserved attributes and constant variance. Therefore the coefficients of the model can be interpreted as weights (i.e. positive random variables that add to one) and thus they measure the relative importance that student i at time j gives to the different attributes and the latent variable.
The observed data for the response variable were initially percentages, indicating the overall evaluation score. In the literature, various methods to model percentage data have been proposed. A well-known strategy is to transform the percentage outcome and to carry out ordinary least square regression. The arcsine square root and the logit functions are among the most typical examples of such transformations. These models are quite popular among analysts but quite often their assumptions are not met; see for example Warton and Hui (2011) . An alternative approach is to use regression models that are based on the binomial distribution. Unfortunately, quite often, percentage outcomes that are based on the binomial model are overdispersed, meaning that they show a larger variability than expected by the binomial distribution. In addition, there are numerous applications where percentage outcomes are non-binomial (e.g. fractions of communities with unknown size). To overcome the aforementioned problems and limitations, a beta regression model is often used (Ferrari and Cribari-Neto, 2004) . Because the beta distribution has a highly flexible shape, it is suitable to represent arbitrary outcome variables measured on the percentage scale. Additionally, even simple beta regression models conveniently account for overdispersion by including a precision parameter in order to adjust the conditional variance of the percentage outcome. In a similar problem like the one here, Carmichael (2006) compared the fit of several models, including the beta regression, to model educational performance data and concluded that a linear model based upon the beta distribution is usually the most appropriate.
A frequentist approach to beta regression was first developed by Ferrari and Cribari-Neto (2004) , where asymptotic properties of maximum likelihood estimators were used to obtain inferences. In contrast, inferences based on a Bayesian analysis do not rely on large-sample approximations. Moreover, a Bayesian approach not only allows for the incorporation of informative prior information when it is available, but also provides user-friendly inferences and direct probability interpretations for all quantities. For an example of a Bayesian beta regression model see Branscum, Johnson and Thurmond (2007) .
The proposed model, for the two different time periods (j = 1, 2), is a beta regression and has the following form:
where µ ij denotes the mean of the response variable Y ij (overall evaluation score) and σ 2 j the variance of the response variable. Furthermore w j = (w j,1 , . . . , w j,k , w j,k+1 )
T is the random vector of weights measuring the relative importance at time j of the different attributes and the latent variable. We have that 0 ≤ w j,ℓ ≤ 1 (ℓ = 1, . . . , k+1, j = 1, 2) and k+1 ℓ=1 w j,ℓ = 1 for j = 1, 2. Note that the linear prediction in model (1) take values in [0, 1], thus the identical link function is used for interpretation reasons. Additionally, to keep the model simple, we have assumed a constant variance. With this choice, we still account for overdispresion, but due to the absent of additional covariates in the model (e.g. age or gender of students) we assume that this overdispresion does not depend on the values of the predictors.
We use a uniform Dirichlet prior on the weights, i.e. w j ∼ Dirichlet(1, . . . , 1) and a uniform prior on σ 2 j : σ 2 j ∼ Unif (0, m), with m = min{(1 − µ ij )µ ij }. The first prior is the usual "low information" prior on weights, while with the second prior we make sure that a ij , b ij ≥ 0. For the latent variables we assume that they are independent and they come from a beta distribution with both parameters equal to 0.5.
We fit model (1) initially (for j = 1, 2) and we compare its predictive ability with the one from the simpler (joint) model (i = 1, . . . , n):
where now µ i denotes the mean of the random variable Y i and σ 2 the (common) variance of Y i . Furthermore w = (w 1 , . . . , w k , w k+1 )
T is the random vector of weights measuring the relative importance of the different attributes and the latent variable. Once again we have that 0 ≤ w ℓ ≤ 1 (ℓ = 1, . . . , k + 1) with k+1 ℓ=1 w ℓ = 1 and the identical link function is used. As before, we use a uniform Dirichlet prior on the weights, i.e. w ∼ Dirichlet(1, . . . , 1) and a-priori we assume that
Finally we assume again that the latent variables are independent and come from a beta distribution with both parameters 0.5.
We use WinBugs to fit the above mentioned models. Note that the above models assumes that responses are strictly larger than 0 and strictly smaller than 1. In our dataset we removed two observations that did not meet this requirement.
Results
Initially we fit (for j = 1, 2) model (1). We run the MCMC algorithm for 3000 iterations, with the first 1000 used as the burnin period. The DIC for this model was -329.614. From Figure 1 we observe some differences between the posterior distributions of some weights. In particular weights 2, 6, 14 and 20 seem to differ between the two time periods. We draw the same conclusions from Figure 2 , where we have presented boxplots that summarize posterior distributions of the differences (period 1 -period 2) in the model weights. Table 2 presents posterior means for the weights on the two different time periods as well as posterior means for the differences in weights (first period -second period). Additionally in the fourth column of Table 2 we have placed the tail-area probabilities of zero for the weight differences, see for example Ntzoufras (2009, page 155) , i.e. the posterior probability π 0 = min {f (w 1,ℓ − w 2,ℓ > 0|y), f (w 1,ℓ − w 2,ℓ < 0|y)} , ℓ = 1, . . . , 21.
When the zero value lies at the center of the posterior distribution, then the value of π 0 is expected to be close to 0.5, indicating that there are no clear differences of the weights between the two different time periods. When π 0 is low (e.g. lower than 5%) then we can conclude that there are differences of the weights between the two different time periods. Again for weights 2, 6, 14 and 20 the value of π 0 is below 20% and especially for weight 20 is around 3%. In the Discussion Session we explain those observed differences.
Using the same number of iterations and burnin period we also run the MCMC algorithm for model (2). The DIC for this model was -331.751, indicating a slightly worse fit than before. However, we have to mention here that the posterior distributions of the weights are not completely symmetric, and therefore DIC must be used with caution. We have also considered a simple R type measure that measures the proportion of explained variation relative to total variation. For both models the posterior mean of this statistic is around 0.65, which suggests that there is no need to use the more complicated model (different time periods) over the simpler (joint model). Table 3 presents posterior summaries for the weights when using the joint model. Weights 3, 11, 14, 15, 19, 20 and 21 have posterior means above 5%. From the results in Table 3 we conclude that students give the higher relative importance to attribute number 15 (with posterior mean weight around 14%), followed by attribute number 20 (with posterior mean weight around 13%) and attribute number 11 (with posterior mean around 9%). Also the weight of the latent variable has posterior mean around 9%, i.e. the relative importance that students give to unobserved random variables in determining the overall evaluation score is around 9%.
Attribute number 15 refers to whether lecturers have adequate and in depth knowledge of their subjects. Attribute 20 refers to whether lecturers try to provide through their courses extension of their subjects to current scientific and actual trends. Attribute 11 refers to whether lecturers organize well their courses (content, teaching, exams). We can therefore conclude that students constantly pay high importance to the core issues related to the quality of their academic studies: academic quality of their lecturers, quality of their courses and degree of connection of their courses to contemporary scientific developments.
The relative importance of attributes 15, 11 and of the latent variable is almost the same between the two studied periods. On the other hand for attribute 20 we observe major differences. While for the first period studied this attribute had a weight around 5%, for the second period the corresponding weight has increased noticeably and has posterior mean above 19%.
Discussion
Since the two data sets have a good fit, it implies that the model provides a satisfactory reflection of the way that university students evaluate their program of studies. However, the boxplots of the model weights presented in Figure 1 lead us to the following comments. Between 2009 and 2013 we observe a number of differences in the weights of our model. Some of them could be considered as notable while some others as minor:
A. We observe the existence of notable differences in weights w 2 , w 6 , w 14 and w 20 . More specifically:
1. The weight attached to question or variable 2 (w 2 ) had increased in 2013 compared to 2009. That is students paid more importance on the issue whether the syllabus of their courses had been in accordance to their objectives.
2. The weight attached to question 6 (w 6 ) had been reduced in 2013 compared to 2009. That is students considered course attendance as a factor of diminishing importance for the understanding and the successful completion of their courses. 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Weights Posterior Values w 1 w 2 w 3 w 4 w 5 w 6 w 7 w 8 w 9 w 10 w 11 w 12 w 13 w 14 w 15 w 16 w 17 w 18 w 19 w 20 w 21 B. We observe the existence of minor differences in weights w 4 , w 7 , w 8 , w 15 , w 17 and w 21 . More specifically: The weights attached to questions 4, 7, 8, 15 and 17, that is the values of w 4 , w 7 , w 8 , w 15 and w 17 , had been reduced between 2009 and 2013, while the weight attached to question 21, that is the value of w 21 , had increased. Although all these changes were minor, taken together they lead us to the interesting conclusion that the importance of those factors that shape the general academic environment of studies (the quality of teaching material, the way of exams, the compatibility between the course and its exams, the level of the lecturer's knowledge of the subject, the consistency of the lecturer with his obligations referring to his students) has been reduced during the above period, although at the same time students consider that the quality of teaching in the department has been improved (y). It is not therefore the case that the diminishing importance of the academic environment could be attributed to a possible deterioration of the quality of the department's academic staff, but to other factors.
Before we discuss further the outcomes of our statistical analysis, we consider it necessary to provide some insight to the considerable changes during the period 2009-2013 of some factors or indicators that shape the general socio-economic environment in Greece. According to Eurostat estimates, during the period 2009-2013 real GDP per capita in Greece had been reduced by 26.2 percentage units, that is on average Greeks lost more than 1/4 of their real incomes. It has been estimated that real GDP per capita in Greece in 2013 had been reduced to its pre 2000 levels. During the period 2009-2012 (since no data or estimates exist yet for 2013) the total number of unemployed members of the labour force increased from 471 to 1204 thousand people, that is more than 150% (155.6%) or from 9.5% to 24.3% of the labour force. The unemployment rate of labour force aged less than 25 years had been increased from 25.8% to 55.3%. This young unemployment rate was the highest in the European Union.
During the same period 2009-2012 the number of people at risk of poverty or social exclusion, that is the sum of persons who are at risk of poverty or severely materially deprived or living in households with very low work intensity, is estimated to had increased in Greece from 3007 to 3795 thousand people or from 27.6% to 34.6% of total population. More specifically, the number of severely deprived people had increased from 1198 to 2141 thousand, that is almost by 80% (78.7%), while the number of people living in households with very low work intensity (people aged 0-59 living in households where the adults work less than 20% of their total work potential during the past year) increased from 539 to 1158 thousand, that is almost by 115% (114.8%). It is important to note that during the same period, the percentage of people at risk of poverty by highest level of education attained (first and second stage of tertiary education, i.e. levels 5 and 6) increased from 5.3% to 9.4%. The risk of poverty rate of 9.4% of this particular educational group was the highest in the European Union.
The Table 4 . It is expected that during the year 2013 all the above socio-economic factors had been aggravated, since real GDP per capita is estimated to had been reduced further by 4.2 percentage units and in July 2013 total unemployment had further increased to 1374 thousand people or to 27.6% of the labour force. The development of all the above indicators clearly depicts the great socio-economic transformation that Greece was experiencing during the period 2009-2013, mainly as a consequence of the policies adopted to handle its public debt crisis that caused an unprecedented economic crisis. These crises have affected both the supply and the demand side of education. The supply side has been affected as a result of the large cuts on public expenditure on education, while the demand side has been affected mainly by the considerable reductions on individual disposable incomes and the high levels of unemployment, even among the university graduates. Young people realized suddenly that university degrees cannot provide a stable security against unemployment as it was widely believed in the past and at the same time many of them do not have the necessary means to support their studies.
It is not therefore surprising that this transformation has affected the criteria by which students evaluate their university studies and consequently the targets they pursue during their study years. They have shifted their interests from the academic environment of their studies (course attendance, communicability of lecturer, quality of teaching material, way of exams, compatibility between courses and their exams, level of lecturer knowledge, consistency of lecturer) to the more up to date developments of their courses (courses related to modern scientific developments/timeliness) and the consistency between syllabus and its targets, possibly believing that in that way they are going to acquire a comparative advantage to find a job relatively to past graduates with rather obsolete knowledge. We distinguish therefore two trends: On the one side we have the deterioration of the importance of the academic environment or academic life and on the other the increasing importance of the consistency of studies and their modern developments. The deterioration of academic environment could be attributed to the fact that possibly many students lack the opportunity to attend their courses, either because they have to work to support themselves and their families or they cannot afford the expenses of academic life (living, transport and other costs), especially if they live in another area.
Obviously, this change of priorities is going to have large long-run implications on the characteristics of the Greek system of higher education and on the process of the Greek socio-economic development, since many students who cannot afford to attend their courses will turn to a form of unofficial distance learning, facing no equal study opportunities. We must point out that we were not able to find similar research to compare the results of our analysis since all the existing empirical work is limited to the effects of economic crises on public education expenditure.
Conclusion
To conclude with, since every evaluation is or should be a continuous, consistent and user friendly process, in this paper we have proposed a Bayesian hierarchical model which provides:
• user friendly inferences;
• direct probability interpretations;
• natural ways for implementation of restrictions;
• capability for prior information incorporation;
• capability for continuous assessment and monitoring.
These characteristics indicate possible extensions/applications of the proposed model to longitudinal studies that besides the continuous assessment and monitoring of service quality, will examine the association of customers preferences with various socio economic time series.
